Recent advances in the field of language modeling have improved state-of-the-art results on many Natural Language Processing tasks. Among them, the Machine Reading Comprehension task has made significant progress. However, most of the results are reported in English since labeled resources available in other languages, such as French, remain scarce. In the present work, we introduce the French Question Answering Dataset (FQuAD). FQuAD is French Native Reading Comprehension dataset that consists of 25,000+ questions on a set of Wikipedia articles. A baseline model is trained which achieves an F1 score of 88.0% and an exact match ratio of 77.9% on the test set. The dataset is made freely available at https://fquad.illuin.tech.
Introduction
Current progress in language modeling has led to increasingly successful results on various Natural Language Processing (NLP) such as Part of Speech Tagging (PoS), Named Entity Recognition (NER) and Natural Language Inference (NLI). Large amounts of unstructured text data, available for most of the languages, have facilitated the development of Language Models. Therefore, the releases of language specific models in Japanese, Chinese, German and Dutch [1] , amongst other languages, are now thriving. In late 2019, two French language models, CamemBERT [2] and FlauBERT [3] , were released.
On the other hand, task and language specific datasets are costly and difficult to collect. Consequently, the training of task specific models is mostly restricted to English or machine translated datasets due to a lack of quality annotated datasets. This can be observed in particular with the Reading Comprehension task where Question Answering models have made important progress over the past few years. Indeed, the available datasets such as SQuAD1.1 [4] , SQuAD2.0 [5] or CoQA [6] are only available in English. While efforts have been carried out into translating datasets such as SQuAD1.1 [4] to train multilingual models [7] , those fail to reach English comparable results on other languages.
In order to fill the gap for the French language, we built a French Reading Comprehension dataset similar to SQuAD1.1. The dataset consists of over 25,000+ pairs of questions and answers, annotated by a team of university students. The present dataset is a first version that we hope will be extended in future releases. The dataset's training, validation and test sets are respectively made up of 20731, 3188 and 2189 samples.
Furthermore, we trained a Question Answering model on the resulting dataset, leveraging the now popular transfer learning approach using pretrained Language Models during training. We restricted our experiments to the recently released French pretrained language models, i.e. CamemBERT and FlauBERT. Our contribution sums as follows:
• FQuAD The first native French Question Answering Dataset, which includes 25,000+ question-answer pairs 1 .
• CamembertQA The first French Question Answering model, based on CamemBERT and trained on FQuAD, reaching a state-of-the-art of 88.0% F1 score, and 77.9% EM. 2 
Related Work
The Question Answering field is an active area of research with several distinct sub tasks. An overview of the various approaches underlying this task is detailed by Ruder. The Reading Comprehension task (RC) attempts to solve the Question Answering (QA) problem by finding the text span in one or several documents or paragraphs that answers a given question [8] .
Reading Comprehension in English
Many Reading Comprehension datasets have been built in English. SQuAD1.1 (Rajpurkar et al., 2016) , then later SQuAD2.0 (Rajpurkar et al., 2018) has become one of the reference dataset for training question answering models. Later, similar initiatives such as NewsQA (Trischler et [6] focuses on Conversation Question Answering (CQA) in order to measure the ability of algorithms to understand a document and answer a series of interconnected questions that appear in a conversation. QuAC [10] focuses on Question Answering in Context developed for Information Seeking Dialog (ISD). The benchmark from Yatskar (2018) offers a qualitative comparison of these datasets. Finally, HotPotQA [11] attempts to extend the Reading Comprehension task to more complex reasoning by introducing Multi Hop Questions (MHQ) where the answer must be found among multiple documents.
Reading Comprehension in other languages
Different approaches can be imagined to extend Question Answering models to other languages: They develop a specific translation method called Translate-Align-Retrieve (TAR). Using the TAR method, they were able to build the SQuAD-es dataset that is the translation the majority of the available paragraph, context and answer samples. Then, they finetune a multilingual on the resulting dataset and reach a performance of respectively 68.1/48.3% F1/EM and 77.6/61.8% F1/EM on MLQA [7] and XQuAD [14] . Table 1 also includes FQuAD, whose collection is presented in the upcoming sections.
Inference Translated Question Answering

Dataset
Language Size SQuAD1.1 [4] En 100k+ SQuAD2.0 [5] En 150k NewsQA [9] En 100k+ CoQA [6] En 127k+ QuAC [10] En 98k+ HotpotQA [11] En 113k+ SQuAD-es Es 87595 FQuAD
Fr 25k+ 
Language Modelling for Reading Comprehension
Increasingly efficient language models have been released over the past two years such as GPT-2 (Radford et al., 2018) , BERT (Devlin et al., 2018) and XLNet (Yang et al., 2019) . Indeed, they have disrupted Question Answering and most of NLP fields: pretraining a language model on a generic corpus, eventually fine-tuning it on a domain specific corpus and then training it on a downstream task is the de facto state-of-the-art approach for optimizing both performance and annotated data volumes.
Top performances on the SQuAD1.1 leaderboard 4 are mainly variations around the XLNet and BERT models. On other languages, multilingual models have been released and pretrained, for instance XLM ( CamemBERT The CamemBERT [2] language model is a RoBERTa [23] based model. The architecture of the model follows the BERT BASE configuration [18] , i.e. 12 layers, 768 hidden dimensions, 12 attention heads. It was trained on the French part of the Oscar dataset [24] . More specifically, the amount of data used amounts to 138 GB of data and 32.7 billion of tokens [2] , leading to 110M parameters. The vocabulary is built using the SentencePiece algorithm [25] with a size of 32k tokens. Note also that the model was not trained on the next sentence prediction task and does therefore not support the sentence embedding. It was evaluated on several downstream tasks such as Part-of-Speech tagging, Named Entity Recognition and Natural language inference. The model has not been evaluated yet on the Question Answering tasks as most of its English counterparts did on SQuAD1.1 and SQuAD2.0.
FlauBERT The FlauBERT [3] language model is a BERT based [18] language model. The model comes with two architectures. The FlauBERT BASE follows the same architecture as CamemBERT [2] . The FlauBERT LARGE architecture configuration is given by ; 24 layers, 1024 hidden dimensions and 16 attention heads. The total number of parameters amounts respectively to 137M and 373M parameters. The training dataset consists of several sub-corpora that are gathered from various sources such as books and Wikipedia articles. The total dataset size for training the model amounts to 71 4 rajpurkar.github.io/SQuAD-explorer GB. The model has not been evaluated yet on the Question Answering tasks as most of its English counterparts did on SQuAD1.1 and SQuAD2.0.
Approach
First, we explore the opportunity to develop a native French Question Answering model. We chose on adopt the same approach as the one adopted by Rajpurkar Third, a French Question Answering model is trained by fine-tuning CamemBERT [2] and FlauBERT [2] on FQuAD and on the translated dataset.
Dataset Collection
The collection procedure for our dataset follows the same standard as SQuAD1.1. First, paragraphs among diverse articles are collected. Second, question and answer pairs are crowd-sourced on the collected paragraphs. Third, additional answers on the test set are collected.
Paragraphs collection
A set of 1,769 articles were collected from the French Wikipedia page referencing quality articles 5 . From this set, a total of 145 articles were randomly sampled. Among them, articles are randomly assigned to the training, development and test sets with respective number of articles 117, 18 and 10, i.e respectively 81%, 12% and 7%. The paragraphs that are at least 500 characters long are kept for each article similarly to SQuAD 1.1. This technique resulted in 4951 paragraphs for the training set, 768 paragraphs for the development set and 532 for the test set.
Question and answer pairs collection
A specific Questions and Answers annotation platform was developed to collect the question and answer pairs. A total of 18 college students were hired as crowd-workers, in collaboration with the Junior Enterprise of CentraleSupélec 6 . The guidelines for writing question-answer pairs for each paragraph were the same as for SQuAD1.1. First, the paragraph is presented to the student on the platform and the student reads it. Second, the student thinks of a question whose answer is a span of text within the context. Third, the student selects the smallest span in the paragraph which contains the answer. The process is then repeated until 3 to 5 questions are generated and correctly answered. The students were asked to spend on average 1 minute on each question and answer pair. This amounts to an average of 3-5 minutes per annotated paragraph. Final dataset metrics are shared in Table 2 .
Dataset
Articles Paragraphs Questions  Train  117  4921  20731  Validation  18  768  3188  Test  10 532 2189 
Additional answers collection
In order to obtain a more robust test set and decrease the annotation bias, the test dataset is 6 https://juniorcs.fr/en/ As all those answers are admissible, enriching the test set with several annotations for the same question, with different annotators, is a way to decrease annotation bias. Answers in our test set are therefore labeled independently by three different annotators. The additional answers are also useful to get an indication of the human performance on FQuAD.
For each question of the test set, two additional answers have been collected. The crowd-workers were asked to spend on average 20 seconds for each question.
Adversarial samples
The present dataset does not contain adversarial samples as in SQuAD2.0 by Rajpurkar et al., 2018.
However, this will hopefully be released in a future version of the dataset.
Dataset Analysis
To understand the diversity of the collected dataset we performed two keyword analyses. First, a mix of PoS-tagging and patterns is used to analyse the frequency of different kinds of answers (see Table 4 ). Second, a keyword based approach is used to analyse the frequency of the corresponding questions (see Table 5 ).
Answer analysis
To analyse the collected answers, a combination of rule-based regular expressions and entity extraction using spaCy [27] are used. First, a set of regular expressions rules are applied to isolate dates and other numerical answers. Second, person and location entities are extracted using Named Entity Recognition. Third, rule based approach is adopted to extract the remaining proper nouns. Finally, the remaining answers are labeled into common noun, verb and adjective phrases, or other if no labels were found. Answer type distribution is shown on Table 4 .
Question analysis
The second analysis aims at understanding the question types of the dataset. This analysis is rule-based only. Table 5 first demonstrates that the annotation process issued a wide range of question types, underlining the fact that What (que) represents almost half (47.0%) of the corpus. This important proportion may be explained by this formulation encompassing both the English What and Which, as well as a possible natural bias in the annotators way of asking questions. This bias may probably be the same at inference time, as it originates from native French structure.
Question-answer differences
The difficulty in finding the answer given a particular question lies in the linguistic variation between the two. This can come in different ways, which are listed in Table 3 . The categories are taken from [4] : Synonymy implies key question words are changed to a synonym in the context; World knowledge implies key question words require world knowledge to find the correspondence in the context; Syntactic variation implies a difference in the structure between the question and the answer; Multiple sentence reasoning implies knowledge requirement from multiple sentences in order to answer the question. We randomly sampled 6 questions from each article in the development set and manually labeled them. Note that samples can belong to multiple categories.
Evaluation
Dataset
As there is currently not a native French evaluation dataset, the evaluation can only be carried out on English Datasets that are translated in French.
For this purpose the SQuAD training and development sets were translated by NMT. Note that the translation process makes it difficult to keep all the samples from the original dataset as the translated answers do not always align with the start/end positions of the translated paragraphs.
In the present work, those datasets will respectively be referred to as SQuAD-fr-train, SQuADfr-dev and contain respectively 40.7k+ and 5.7k+ data samples. The two versions of the translated development set of SQuAD can be used to evaluate the performances of the models and compare those to the FQuAD test set. The use of SQuAD-train-fr is two-fold; as a standalone training dataset or as augmentation data for FQuAD training set.
Note that a French translated dataset from Asai et al. could be used for the evaluation. However, the set contains only 327 translated samples from SQuAD1.1 development set an contains many redundant questions making it a poor baseline to evaluate to model.
Evaluation metrics
In order to evaluate the quality of the model, the Exact Match (EM) and F1-score metrics are computed. In SQuAD1.1, both the F1 and EM ignore English punctuation and the a, an, the articles. For the French evaluation process, consistently with SQuAD, the same approach is adopted and following articles are ignored: le, la, les, du, des, au, aux, un, une.
Exact match (EM) EM measures the percentage of predictions matching exactly one of the ground truth answers.
F1 score The F1 score is the average overlap between the predicted tokens and the ground truth answer. The prediction and ground truth are processed as bags of tokens. For questions labeled with multiple answers, the F1 score is the maximum F1 over all the ground truth answers.
Human performance
Similarly to SQuAD, human performance is evaluated in order to assess how humans can agree on answering questions. This score gives a comparison baseline when assessing the performance of a model. To measure the human performance, for each question, two of the three answers are considered as the ground truth, and the third as the prediction. In order not to bias this choice, the three answers are successively considered as the prediction, so that three human scores are calculated. The three runs are averaged to obtain the final human performance. F1 and EM score are computed based on this setup, yielding a human score of 92.1% F1 and 78.4% EM. By means of comparison, the reported human score for SQuAD1.1 is equal to 91.2% F1 and EM 82.3% EM.
Experiments
In the present section, the results of the experiments are presented. First, these experiments are carried out on the FQuAD and the french translated SQuAD1.1. They provided us insights about the differences in training models on native french or translated samples. Second, an analysis of the model predictions is carried out to understand its success rate per question and answer category. Third, a learning curve on the FQuAD training set is presented and discussed in view of future annotation opportunities. All experiments are carried out thanks to the BERT-based French Language Models recently released, CamemBERT [2] and FlauBERT [3] , the process of training a French Question Answering model becomes straightforward using the implementation released by HuggingFace [28] . Second, CamemBERT is trained solely on the translated dataset SQuAD-train-fr. The translation was carried out using state-of-the-art NMT (Ott et al.) . This approach yields a strong baseline that reaches 84.1% F1 and 70.9% EM. Compared to the previous model, this result is about 4 points less effective in terms of F1 score and even more important in terms of EM score, i.e. 7. This difference is probably explained by the fact that NMT produces translation inaccuracies that impact the EM score more than F1 score.
The third experiments attempts to augment the FQuAD training set by adding the translated samples of SQuAD-train-fr. The resulting model reaches a F1 and EM score of respectively 87.4% and 76.4%. Interestingly, those results are not outperforming the one of the first experiment despite the fact that the number of training samples have more than tripled. The reason is probably due to a low overall quality of translated question and answer pairs that brings additional noise and that might harm the learning process. Human annotated questions in French embed language specific subtleties that a NMT model cannot capture.
Finally, the FlauBERT Large pretrained french language model is fine-tuned on the FQuAD training dataset. The resulting model yields a performance of 80.6/70.3% F1/EM score. The present result is surprising as the original FlauBERT rivals or even surpasses CamemBERT performances on several downstream tasks (Le et al.) such as Text Classification, Natural Language Inference (NLI) or Paraphrasing. The difference with the first model may be explained by the difference in pretraining data volumes (138GB for CamemBERT, 71GB for FlauBERT).
Performance analysis
We ran some performance analysis on question and answer types, to understand the strengths and shortcomings of the trained model. Tables 6 and 7 present these analyses, sorted by F1 score. Camem-BERTQA performs better on structured data such as Date, Numeric or Location. Similarly, the model performs well on questions seeking for structured information, such as How many, Where, When.
EM top scores also highlight structured answer types such as Date and Location. More interestingly, Person and Adjective answer types are also top ranked on EM score, meaning that these answers are easier to detect exactly. Regarding the question types, When and Who questions lead to high EM scores, probably because the answers expected by these questions are short and easily identifiable within a text. On the other end, the How questions that probably expects a long and wordy answer are the least well addressed. Note that Verb answers EM scores are also quite low. This is probably due to either the variety of forms a verb can take, or to the fact that verbs are often part of long and wordy answers, which are by definition difficult to match exactly.
To improve the model on these drawbacks, future annotations should certainly include more of the less well-treated questions and answers. Some prediction examples are available in the appendix. Selected samples are not part of FQuAD, but were taken from Wikipedia.
Learning curve
To further understand the model learning potential, we established the model learning curve. For each run an experiment is carried out on a subset of the FQuAD training using CamemBERT. The size of the subset is increased for each consequent run. Each resulting model is then evaluated on the FQuAD test set and the metrics (F1 and EM) are reported on the figure 3 with respect to the number of samples involved in the training.
The figure 3 shows that both the F1 and EM score follow the same trend. First, the model is quickly improving upon the first 10k samples. Then, F1 and EM are progressively flattening upon augmenting the number of training samples. Finally, they reach a maximum value of respectively 87.98% and 77.87%. As the last 5k samples brought approximately 2.6 improvement on both F1 and EM, the performances are still expected to improve as more samples would be available. 
Discussion
The following section discusses various insights about the experiments. We mainly try to highlight the underlying bias between native and translated datasets, and between FQuAD and SQuAD1.1 paradigms.
Native or Translated French
Native french The top performance on the native French dataset (FQuAD-test) is reached when CamemBERT is trained only on native French (FQuAD-train). When adding some translated data to this training set, results do not seem to improve, despite the 40k+ additional samples. Therefore, the french translated data samples act here as noise with respect to native french, or at least do not carry more useful semantic information than the 20k+ FQuAD samples.
Translated french On the other hand, the top performance on the SQuAD-dev-fr dataset is reached when CamemBERT is trained on SQuAD-fr-train. When adding some native data to this training set, results don't improve. Therefore, it seems here that Native French data acts here as noise towards translated data, or at least do not carry any more information than what's included in the 40k+ samples of FQuAD-fr-train.
Furthermore, the top model CamemBERTQA trained on FQuAD performs worse on translated data, dropping to 70.7% F1 score. These insights show that there is a strong bias between translated and native French data. An interesting comparison basis lies into Carrino et al. research works. Their approach performs a 77.6/61.8% F1/EM score on a Spanish-translated SQuAD1.1, with a multilingual BERT. By means of comparison, Camem-BERT reaches equivalent levels of performance when trained and evaluated on French-translated SQuAD1.1 (75.6/64.2% F1/EM). Although French and Spanish are different languages, they are close enough in their construction and structure, so that comparing these two approaches is relevant to us.
Given the level of effort put into Carrino et al. translation process, we could think that both translation-based approaches, although using very recent Language Models, appear to reach a performance ceiling with translated data. On our French side, this could mean that enriching training data with more translated texts is not likely to further improve the performances.
Comparison between FQuAD and SQuAD
CamemBERT trained on FQuAD + SQuAD-frtrain is quite robust to the change in evaluation sets. However, it still performs worse on SQuAD-dev-fr.
As the training data includes both translated and native French QA pairs, this important difference in performance reflects a significant bias between FQuAD and SQuAD1.1 annotation paradigms. Different hypotheses to explain this variation are developed in the following paragraphs.
Question and answer lengths After compar-
ing question and answer lengths between FQuAD and SQuAD1.1 train sets, we've determined that the length distributions are very close (Wasserstein distance of 2.31, resp. 1.83 characters), which excludes this hypothesis for the explanation. FQuAD is unbalanced compared to SQuAD are the ones on which CamemBERTQA performs best. This may explain part of the difference in performances. Further explorations are underway to explore more subtle insights such as the syntactic divergence.
Answer types
To conclude, we tried to benchmark FQuAD and CamemBERTQA to existing QA approaches in French.
First, despite the quantity of annotated native French data, CamemBERTQA is still far from the English state-of-the-art performances reported on SQuAD1.1, mainly due to the major gap in dataset sizes.
Second, comparing FQuAD and translated versions of SQuAD1.1, we came to the conclusion that translated data carry limited information compared to native samples, therefore limiting the performance of QA models on native language when trained on translated data.
Finally, exploring the alleged bias between FQuAD and SQuAD1.1 annotation paradigms, we raised the hypothesis of a structural difference in current versions of these datasets. However, these differences might be explained by structural differences between French and English, partly due to fundamental differences between Latin and Anglo-Saxon languages. This hypothesis could be tested by evaluating CamemBERTQA on another language corpus, from the same Latin language family (e.g. Spanish, Italian). Also, this hypothesis could be verified with stricter annotation guidelines.
Conclusion
In the present work, we introduce the French Question Answering Dataset. To our knowledge, it is the first dataset for native French Reading Comprehension. FQuAD is collected from the set of high quality Wikipedia articles with the help of French college students. We obtained a state-ofthe art performance in French Question Answering by training the recently released French language model CamemBERT on FQuAD, obtaining a F1 score of 88.0 % and an exact match ratio (EM) of 77.9 %.
The FQuAD initiative is an ongoing process. Further steps are planned in order to enrich the current approach and dataset with new training samples, and strengthen development and test sets with new questions and multiple answers. FQuAD will be ultimately be extended with adversarial questions, as in SQuAD2.0. We have made our dataset freely available in order to encourage innovation in the French NLP area. Any complementary initiative to build a common native french Reading Comprehension dataset is welcome.
Finally, we quickly explored the opportunity to apply our model to various NLP applications such as parsing a text, extracting entities and relations, etc. These applications are currently processed through other NLP tasks such as Named Entity Recognition, Text Segmentation, or Natural Language Inference. Transferring the knowledge learnt in the Question Answering model to these applications offers a wide range of possibilities, and will be explored in the future.
